about the growth effects of human capital in the literature. Several explanations have been suggested, including the role of outlier observations (Temple, 1999) , the way human capital is measured in terms of quantity or quality (Barro, 2001, Hanushek and Woessmann, 2008) , data quality of human capital measures (de la Fuente and Domenech, 2006 , Cohen and Soto, 2007 , Portela, et al., 2010 , or the correct specification of human capital in the growth regression (in terms of a log specification in the context of a production function or in terms of levels as in a Mincerian specification, see, e.g., Krueger and Lindahl, 2001) . To the best of our knowledge, however, no consensus has been reached regarding the effect of human capital on growth. This paper suggests an explanation for the contradictory findings in the literature that complements earlier explanations, and that can rationalize these findings within a coherent framework by focusing attention on the specification of the empirical growth equation. This focus is motivated by the fact that the theoretical growth literature predicts human capital to affect growth through two distinct channels. On the one hand, human capital might accelerate growth by augmenting or complementing the existing factors of production as in an augmented Solow (1956) framework or in a model along the lines of Lucas (1988) . On the other hand, human capital might affect growth through facilitating the diffusion and adoption of new technologies in the tradition of Nelson and Phelps (1966) or through innovation as in endogenous growth models in the tradition of Romer (1990) and Aghion and Howitt (1992) , see also Hanushek and Woessmann (2008) . If indeed both of the proposed channels are relevant for economic growth, estimates which are based on restrictive specifications that only account for a subset of these channels are likely to suffer from an omitted variable bias.
In an empirical growth application, the first channel is captured by the effect of changes in the stock of human capital on growth, while the second channel is reflected in the effect of the (initial) level of human capital on growth. If both channels are active and changes in human 1 capital are correlated with initial levels, estimates that only account for one of the two effects are likely to be biased, since they omit a relevant measure of human capital that is correlated with the included but distinct measure of human capital. The issue of a bias arising in estimates that concentrate exclusively either on the Lucas approach to human capital, or on the Nelson-Phelps approach has been pointed out recently in the context of the effect of life expectancy on growth by Aghion et al. (2009) . They focus on the effect of life expectancy, arguing that the omitted variable bias arising from the omission of the initial level of human capital in a growth regression is minor due to the weak evidence for convergence in human capital, as suggested by the findings of Morrison and Murtin (2009) . This paper shows, however, that the argument indeed applies more generally to the debate on the growth effects of human capital when one considers the typical data sets and specifications applied in this literature.
The point is demonstrated by replicating some of the influential recent studies on the topic, using the respective different original data sets that have been used in the literature. In particular, our analysis uses the different human capital data sets provided by Cohen and Soto (2007) , by Barro and Lee (2010) , and by Lutz, Goujon, and Sanderson (2007) , and replicates the typical specifications estimated in the literature, in particular those estimated in Cohen and Soto (2007) , Krueger and Lindahl (2001) , Benhabib and Spiegel (1994) , and Mankiw et al. (1992) .
The results provide a picture that is consistent with the weak evidence obtained from previous studies which mostly focused on restrictive specifications that accounted either for the growth effects of initial human capital levels, or of the effect due to changes in human capital. Estimating an extended specification, however, we find consistently positive and significant effects of human capital in levels and in changes.
The explanation of weak empirical findings as consequence of a misspecification of the empirical growth model complements the alternative explanations for the inconclusive evidence on the growth effects of human capital that have been proposed in the literature. The present study sheds new light on the debate, however, by drawing attention to a specification issue that pervades the entire literature, which has been emphasizing different specification problems and the role of measurement error as a likely source of bias. The estimates replicate those of Cohen and Soto (2007) and show that the bias from neglecting a relevant human capital variable arises even when considering their improved human capital measures. A similar argument applies to using the updated data by Barro and Lee (2010) and the data compiled by Lutz et al. (2007) , suggesting that measurement of data is certainly central for the quantitative effects, but that omitted variable bias due to a parsimonious specification of human capital in the growth re-gression is another important aspect for empirical estimates. Likewise, the results show that the bias arises regardless of whether human capital is measured in average years of schooling or in log years of schooling, complementing arguments by Krueger and Lindahl (2001) . Finally, we document similar results when using input-based measures of human capital quality, rather than quantitative measures.
The paper is structured as follows. The next section presents our argument. Section 2 describes the data for the empirical application, section 3 presents results that replicate and rationalize earlier findings in the literature, and section 4 concludes with a brief discussion.
Econometric Specification and the Growth Effect of Human Capital
Consider the canonical empirical growth model, that combines the different channels of human capital on output growth. For illustrative purposes, this canonical model can be written as
where g i,t is the growth rate of annual real per capita GDP, y, in country i between periods (years) t − 1 and t, and the vectors X and ∆Z include other controls that have been considered in the empirical growth literature, either in levels as of t − 1, such as lagged income to account for convergence effects, or in changes between t − 1 and t, for instance in log physical capital, respectively. The corresponding coefficient vectors are captured by Γ and Λ. The main interest lies on the effect(s) of human capital, reflected by β and γ, where ln h i,t−1 is the initial level of the human capital measure, which is typically measured by the log of average school years (e.g., taken from the data assembled by Barro and Lee, 2001 ), and ∆ ln h i,t is the change in log average school years. 1 The effect of human capital in terms of an increase in effective factors as in an augmented Solow framework or along the lines of a Lucas model is reflected by the coefficient γ, while β accounts for growth effects of human capital due to the higher adaptiveness to a changing environment in the spirit of Nelson and Phelps.
Estimating a growth model that only includes ∆ ln h i,t but that disregards ln h i,t−1 , as in 1 To derive this empirical model, consider for example a growth-accounting model as in Benhabib and Spiegel (1994) , in which aggregate income, Y depends on physical capital K, labor L, productivity A and human capital
Combining this with a simplified version of productivity improvements over time that depend on the level of human capital, i.e., ln At − ln At−1 = α0 + β ln Ht−1, one can derive an estimation equation as in (1).
3 many earlier studies delivers a regression estimate of the growth effect of
Likewise, estimating a model that only contains ln h i,t−1 , but not ∆ ln h i,t delivers an estimatê
In both cases, the estimates are biased if growth is indeed affected by initial level and changes in human capital as predicted by theory (i.e., if β > 0 and γ > 0), and if the accumulation of human capital exhibits some sort of convergence or divergence process (i.e., if Cov(∆ ln h i,t , ln h i,t−1 ) = 0). 2 Whether this is the case is ultimately an empirical question that we investigate in the remainder of this study.
Data
Our analysis replicates earlier studies on the growth effects of human capital, using the data sets and sources as well as specifications that have been applied most frequently. We consider different data sources in order to document the consistency of our results with earlier findings and to demonstrate the relevance of the correct specification by accounting for the different growth channels of human capital. The estimations are based on the typical cross-country empirical growth model that has been estimated in the literature by using data for GDP, GDP per capita and investment from the Penn World Table (version 6. 3), and population data from the UN. 3 As a benchmark, we use the original data set constructed by Cohen and Soto (2007) , which contains data for 81 countries over the period and measures human capital in terms of the average years of schooling of the population aged 25+ in each country. An alternative data source for measures of human capital in terms of average years of schooling of the population aged 25+ is the most recent release of the data constructed by Barro and Lee (2010) for 97 countries. As a third data set for human capital, we use the data constructed by Lutz et al. (2007) (IIASA-VID data set), which we have for 88 countries over the period 1970-2000. 4 Additional robustness checks investigate the relevance of the empirical specification 2 This illustration implicitly assumes that (1) is correctly specified. Analogous biases apply to the estimates of the other coefficients in Γ and Λ if the respective regressors are correlated with the omitted variable.
3 The data sources are http://pwt.econ.upenn.edu and http://esa.un.org/unpp/index.asp?panel=2. 4 The original data by Cohen and Soto (2007) serves as a benchmark. For the alternative data sets, we construct measures of capital per worker using data from the Penn World Tables 6.3 using the method proposed by Caselli (2004) , which is also used in Barro and Lee (2010) .
4 also for qualitative measures of human capital. 5
The benchmark estimates are based on long differences over the period 1970-1990 and 1970-2000 . The choice of this period maximizes the overlap between the data sets used in the literature and thus the comparability of our results with previous results in the literature. 6 Since the samples differ with respect to their coverage of countries across data sets, this implies slightly different sample sizes and sample compositions across the different estimation samples. This serves as additional robustness check and generates variation that is helpful to identify the effect of human capital because as a consequence the data sets exhibit slightly different convergence processes in human capital. In particular, this helps to illustrate the importance of estimating fully specified models as in (1). The summary statistics of the main variables that are used for estimation in the three different samples over the observation period 1970-1990 are reported in Table 1 .
Empirical Results

Main Results
In order to gauge the potential relevance of the bias that arises from only accounting for one of the two human capital channels, we begin by presenting the (unconditional) correlation between initial levels of human capital and the subsequent changes. Figure 1 plots the relationship between initial human capital (in terms of the log average years of schooling) in 1970, against the subsequent change in human capital (in terms of log average years of schooling) between 1970 and 1990, for the three different data sets. Figure 1 (a) reveals a strong negative (unconditional) correlation between the log average years of schooling and the subsequent change in log years of schooling in the Cohen-Soto data, indicating that the (percentage) change in human capital is smaller the higher the initial log years of schooling. The negative correlation (ρ = −0.84, p-value < 0.01) suggests that any estimate of the effect of human capital on growth that is based on a specification with only log changes or only log initial levels of human capital as regressor should be biased downward if both channels are indeed active as becomes clear from the expressions in 5 We use the ratio of teachers per student on the primary and secondary schooling level as inputbased measure for the quality of human capital. The respective data sources are the Unesco (taken from http://www.uis.unesco.org/en/stats/statistics/indicators/indic0.htm), as well as Altinok and Murseli (2007) . 6 The different data sets for human capital differ with respect to the time periods they cover. The data by Barro and Lee (2010) cover the period 1950-2010, the data by Cohen and Soto (2007) cover the period 1960-1990, and the data by Lutz et al. (2007) cover the period 1970-2000.
(2) and (3).
Panel A of Table 2 presents the corresponding estimates for growth regressions, using the same data and specification as Cohen and Soto (2007) . Column (1) presents the results for the effect of human capital, in terms of the change in log years of schooling, on growth in GDP per capita. The effect is insignificant and negative, similar to the findings reported by Benhabib and Spiegel (1994) that gave rise to the lengthy debate on the role of human capital in the first place.
A specification with human capital in terms of log of initial years of schooling as in column (2) delivers a positive but small effect of human capital on growth, consistent with the findings of Mankiw et al. (1992) . Column (3), finally, presents the results for a specification that accounts for both channels. The estimates reveal significant and positive effects of the change and of the initial level of human capital, with both coefficients being larger than their counterparts in columns (1) and (2), consistently with what one would expect from the correlation pattern and the biases in conditions (2) The significance level of the respective F-statistic is given in the bottom line of the panel together with the number of observations. 8 Extensive specification tests deliver no indication of misspecification for the estimates with both human capital variables, based on tests of normality of the residuals (which cannot be rejected), heteroskedasticity (for which there is no indication after estimating robust standard errors), or additional omitted variables (for which we have no indication based on overidentification tests using nonlinear transformations of residuals or regressors). 9 The corresponding variance inflation factors (VIF) for specification (3) are 3.79 for the log change and 6.29 for the initial log level of schooling, which is substantially below the level of 10 that is considered to be critical in the econometrics literature, see, e.g., Kennedy (2008, p.199 ). An alternative way to investigate the hypothesis while circumventing possible multicollinearity is to conduct a principal component analysis of ∆ ln h and ln h. This delivers two alternative variables as linear combinations of the two original human capital variables. While these alternative variables still contain most of the variation of the human capital variables and are comparable since both human capital variables are measured in the same units, they are uncorrelated by construction. Repeating the estimates with these two orthogonal components as regressors instead of ∆ ln h and ln h in the specification (1) should deliver similar results in the present context, in the sense that theory would still predict a positive coefficient
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We continue by investigating whether our explanation based on misspecification of human capital in the growth equation can account for findings that have been reported for different data sets and across different time periods. Figure 1 (b) depicts a scatter plot for the convergence in log years of schooling for the same period 1970-1990, but using data from Barro and Lee (2010) instead. Again, we find a negative correlation when considering logged schooling variables (ρ = −0.83, p-value < 0.01). The corresponding results of growth regressions are presented in columns (4), (5), and (6) of Table 2 . The results are qualitatively identical to those obtained with the Cohen-Soto data. Again, the point estimate of the log difference in schooling is negative when estimated in isolation (column 4), the effect of the initial value of the log-transformed years of schooling is positive but small (column 5). These results prevail despite the further improved data quality compared to the data provided by Cohen and Soto (2007) . Most importantly, however, the inconclusive evidence disappears also in the sample of 97 countries, once both channels of human capital are accounted for. As shown in column (6), the coefficients of both human capital variables become larger and significant when estimated in a joint specification.
This finding is again consistent with the explanation of a bias due to omitting a relevant human capital variable that affects the results in columns (4) and (5). 10 Finally, Figure 1 (c) displays the convergence pattern in human capital over the period 1970-1990 using the IIASA-VID data set constructed by Lutz et al. (2007) . As before, logged years of schooling exhibit a substantial correlation (ρ = −0.93, p-value < 0.01). Accordingly, one would expect a downward bias in the specifications with only one human capital variable. This hypothesis is confirmed in the estimation results, see columns (7), (8) and (9) of Table 2 . Again, we find significant positive effects of human capital, in terms of initial levels and changes in years of schooling, in the full specification. 11 The coefficient estimates are larger in the joint specification than what is obtained when including only one human capital variable, in line with the expected omitted variable bias affecting the parsimonious specifications. A remarkable of both variables if both human capital channels are active. This in fact turns out to be the case. Estimates using the two principal components as regressors reveal positive effects on growth of both components, which are individually and jointly significant. This is in line with the results obtained with the raw human capital measures and suggests that the previous results are not likely to be affected by serious problems of multicollinearity, but rather, that human capital indeed affects growth through both distinct channels. 10 The corresponding variance inflation factors are even smaller in this case (3.43 forγ and 5.71 forβ). 11 With variance inflation factors lower than 10 for the extended logged human capital specification (7.60 for γ and 9.95 forβ), multicollinearity does not seem to greatly affect the results also in this data set. A principal component analysis analogous to the one discussed in footnote 9 also delivers individual and joint significance of both factors.
7 difference with regard to the previous findings is the consistently larger effects of human capital, in terms of β and γ in the VID-IIASA data. This might be related to the different methods used in the construction of the data and shows the robustness of the results in data sets which are more immune to the criticism of Portela, et al. (2010) . 12 Finally, it is worth mentioning that in the IIASA-VID data the coefficient on the change in physical capital is more in line with the typical estimates of the capital-income share than in the previous results from other data sets. The more general point in this context is that even when conditioning on the inclusion of physical capital (that earlier contributions like Krueger and Lindahl, 2001 , suspected to drive the weak human capital results), the full specification delivers estimates of a significant positive effect of human capital on growth, regardless of the data set we use.
Levels of Schooling and Macro-Mincer Specifications
This subsection shows that the conclusion from the previous findings that human capital is likely to affect growth through both channels, initial levels and changes, is unchanged when considering different specifications of human capital. In particular, several authors, including Topel (1999) and Krueger and Lindahl (2001) have criticized the specification of human capital in terms of logged variables as a potential source of bias and misspecification. 13 These authors
suggest that the growth equation should be specified by explicitly accounting for the log-linear relationship between earnings and education that emerges from a Mincerian human capital production function. In other words, rather than specifying the growth equation as in (1), these studies recommend a specification in levels of human capital,
where h i,t−1 and ∆h i,t are levels and changes in human capital (e.g., in terms of average years of schooling), instead of the respective variables in logs as in (1).
In terms of the correlation between lagged levels and subsequent changes in average years of schooling, the picture looks slightly different than when considering the respective logged variables. Figure 2 (a) shows that there is a weak positive relation between initial level and 12 Rather than using enrolment data and applying the perpetual inventory method as in the data constructed by Cohen and Soto (2007) and Barro and Lee (2010) , Lutz et al. (2007) use data on actual education attainments and apply back-projection methods that take into account age-specific mortality, and thus provide a complementary measure of human capital by construction. 13 Topel (1999) notes that using logged variables imply that an additional year of schooling increases the stock of human capital by a larger proportional amount in countries with little education than in countries with more education, which he argues is inconsistent with the evidence on the human capital production function.
subsequent change in average years of schooling in the data from Cohen and Soto (ρ = 0.28, p-value < 0.05). This positive relationship implies that estimates obtained with a specification that only includes changes or initial levels of years of schooling (in terms ofγ orβ) should only exhibit a weak bias, which, if anything, should be upward (rather than downward, as was the case when considering logs).
Estimation results are presented in Table 3 , where we repeat the same analysis as in Table   2 , but apply a macro-Mincer approach instead of a production function approach. The human capital variables in this specification are lagged years of schooling and the change in years of schooling. The results in columns (1), (2) and (3) are based on the data constructed by Cohen and Soto (2007) . In line with the findings reported by Krueger and Lindahl (2001) , we find a positive significant effect of the change in schooling (column 1) and the lagged years of schooling (column 2) in isolation. The joint specification (3) delivers positive and significant effects of human capital through both channels as well, but now the point estimates are slightly smaller than the corresponding ones in columns (1) and (2). This finding is consistent with the implications of a small bias from neglecting a relevant human capital variable, which one would expect due to the weakly positive correlation in lagged levels and changes, as shown in Figure   2 (a). 14 But while estimates obtained with a reduced Macro-Mincer specification with only one human capital variable exhibit only a small bias, the results suggest that reduced specifications nevertheless are misspecified, given the individual and joint significance of both human capital measures in the full specification in column (3).
Figure 2(b) displays the convergence pattern for the data constructed by Barro and Lee (2010) . The correlation between initial levels and changes in human capital in terms of average years of schooling is positive but rather weak (ρ = 0.09, p-value < 0.40). Columns (4), (5) and (6) of Table 3 present the corresponding estimation results. The specification in levels delivers a positive effect in all specifications, and the differences in the coefficient estimates between the reduced specifications and the full specification in column (6) are minor, which is to be expected given that the correlation between lagged levels and changes in years of schooling is weak in this data set. Notably, the size of the estimated coefficients is very similar across the samples of data by Cohen and Soto (2007) and Barro and Lee (2010) . Finally, Figure 2 (c) presents the convergence in human capital for the VID-IIASA data prepared by Lutz et al. (2007) . The correlation in human capital is weakly negative in this data set (ρ = −0.12, p-value 14 Similar specification tests as before indicate that the model specification in column (3) is appropriate. In particular, the moderate correlation between the human capital variables does not appear to raise issues of multicollinearity.
< 0.29), as was the case for the logged variables in the previous section. The corresponding estimation results in columns (7), (8) and (9) of Table 3 again suggest that the effect of human capital on growth is positive when considering changes in years of schooling (column 7), but not significant in the specification with lagged levels of human capital (column 8). The joint specification in column (9) delivers positive and significant effects of human capital through both channels with coefficient estimates that are larger than when estimated in isolation. Overall the main point that human capital affects growth through two distinct channels is unaffected by whether one considers a growth-accounting framework with human capital variables in logs, or a Macro-Mincer specification with human capital in levels.
Robustness
The conclusion that human capital affects growth through both channels, through the change and the initial level, is supported also in alternative estimation frameworks. In this section,
we present results for alternative sample periods, for alternative specifications of the growth equation, for samples that correct for outlier observations, as well as for measures of human capital quality.
Alternative Sample Periods. The data sets by Barro and Lee (2010) and IIASA-VID (2007) cover the years 1970-2000, which allows us to test the robustness of the previous findings for estimates over an extended time window. Figure 3 presents the respective scatter plots for the (unconditional) correlation between (log) years of schooling in 1970 and the change in (log) years of schooling over the period 1970-2000. As before, we find strong indications of convergence (in terms of a negative relation) for log average years of schooling, and a weaker convergence pattern for years of schooling in absolute terms. In both data sets, there is a negative correlation between changes in human capital and initial levels, measured either in years of schooling or logs. 15 Table 4 Tables 2 and 3 . The growth effect of human capital in the full specification appears even stronger over the longer time horizon, and the point estimates are typically larger in the full specification than in the specifications with only one human capital variable, again consistent with the direction of the bias that can be expected given the correlation between lagged levels and changes of human capital. 16 This finding is consistent with the arguments by Krueger and Lindahl (2001) and Portela et al. (2010) that the use of longer time horizons for the estimates of growth effects of human capital might deliver more robust estimates due to the higher signal to noise ratio.
Using the data by Barro and Lee (2010) , it is also possible to estimate models in long Table 5 deliver smaller coefficient estimates. Nevertheless, qualitatively the picture remains unaffected, and both human capital variables remain jointly significant in the full specification, both in column (3) and (6).
Alternative Specifications. Table 6 presents corresponding results for a growth regression with growth in aggregate GDP as dependent variable on a specification that controls for growth in the population aged 25+. This specification complements the previous specifications with growth in GDP per capita as dependent variable and resembles a prominent specification in the empirical growth accounting literature, see, e.g., the specifications used by Benhabib and Spiegel (1994) . In general, the qualitative findings are similar to our baseline results. In particular, we typically obtain positive growth effects of human capital that are, at least jointly, significant. The relevance of influential observations. Once we eliminate outliers by eliminating the observations with 10% largest residuals in absolute terms, respectively, we obtain coefficient estimates for the specifications (3) and (6) that are individually (and jointly) highly significant (p < 0.01). 17
In general, it appears as if specifications that explicitly control for population growth are more prone to outlier observations, which reinforces the point of Temple (1999) . Over the extended sample period 1970-2000, we find again consistently positive and significant effects of human capital on growth in the full specification, see Table 7 .
Similar results apply when estimating an extended specification along the lines of Mankiw et al. (1992) . (1)), while the specification with only initial log human capital delivers a highly significant positive effect (specification (1) and (2), we find no effect at all. Once both channels are accounted for in specification (3), however, the effect of lagged human capital and of changes in human capital is significant and positive individually and jointly. 20
Outliers. Given the small samples and the differences in data quality across countries, some affected by outliers, we repeat the estimations of Table 2 by eliminating the observations with the largest absolute residuals. In particular, we re-estimate the growth equations on a sample from which the 5% of observations with the highest and the 5% with the lowest residuals (based on the full specification including both human capital measures in years or logs) have been eliminated. The results are presented in Table 9 . The coefficient estimates are very similar to the estimates reported on the full samples in Table 2 . 21 In particular, we find the same patterns of omitted variable bias in the parsimonious specifications that only include one measure of human capital. The fact that the estimates in the full specification are slightly larger when using the trimmed sample suggest that outliers might indeed weaken the results, but the results overall suggest that outliers do not drive the main findings with respect to the correct specification of the growth effects of human capital. When applying robust regression techniques to account for the influence of outliers, rather than manual trimming, we find qualitatively and quantitatively similar results to the baseline estimates. 22 and Woessmann (2008) . 24 We used data on input-based measures of human capital in terms of the teacher/student ratio for primary and secondary schools from two different sources, the Unesco and the data set constructed by Altinok and Murseli (2007) , which is larger but potentially less comparable across countries in terms of how the data were constructed.
Quality of Human Capital
has been used repeatedly in the literature to investigate student quality and its determinants, see, e.g., Card and Krueger (1992) , but overall the results have been mixed as to whether the teacher/student ratio or related measures of expenditures on education have an impact on the quality of human capital and growth, see Hanushek (2002) for a critical review. In summary, however, we obtain a qualitatively similar picture to the previous results when using measures of human capital quality. In particular, the estimates suggest that the general pattern, namely that human capital exerts a positive and (at least jointly) significant effect on growth through both channels, changes and initial levels of human capital, prevails also when using measures of human capital quality rather than years of schooling. 25
Discussion
The existing evidence on the growth effects of human capital in the literature is weak and inconclusive, which has raised an intense debate that has not been fully reconciled. The findings of this paper suggest that misspecification of human capital in the empirical growth model can provide an alternative explanation for the inconclusive evidence in the literature. The misspecification arises if human capital affects growth through the two distinct channels identified in the previous literature, changes in human capital and initial levels in human capital. When human capital is measured in log average years of schooling, both measures, changes and initial levels, are highly correlated in the data, which implies that estimates obtained with models that only include one channel are likely to be seriously biased. This bias is much smaller when human capital measures are included in levels, as in the Macro-Mincer approach that has been applied frequently in the recent literature, due to the weaker correlation in these measures of human capital. Indeed, there is a crucial difference between specifying human capital in levels or logs in light of the different implications for the emerging bias, because of the different convergence patterns in the human capital variables, as has been shown in Figures 1 and 2 . Nevertheless, our results indicate that even in Macro-Mincer specifications human capital consistently affects growth through both channels. This implies that estimates obtained with specifications that only include one channel do not deliver an estimate of the overall relevance of human capital for growth because they omit a relevant channel.
The present study therefore complements the existing literature by highlighting the crucial role of the correct specification of human capital in growth regressions, regardless whether human capital is measured in levels or logs. This distinction (levels or logs) has been proposed earlier 25 Detailed results are available upon request.
14 as an explanation, e.g., by Krueger and Lindahl (2001) for the weak growth effects. This study also relates to arguments pointing at the role of data quality and the content of human capital variables (in terms of quantity versus quality of schooling). The current results strongly indicate that, apart from the emphasis of the role of data quality in recent studies (as in de la Fuente and Domenech, 2006 , Cohen and Soto, 2007 , or Portela et al. 2010 , or from conditioning on other variables like physical capital (as in Krueger and Lindahl, 2001) , the correct specification of the human capital component plays a more important role than suggested by these contributions.
In fact, these studies mainly report significant positive effects of human capital in specifications according to the Mincerian approach, in particular when they include both levels and changes in human capital. The systematic investigation of the relevance of the specification in this study reinforces the importance of the literature on measurement issues, however, since accurate measures of human capital are indispensable for reliable quantitative estimates of the growth effects of human capital, in addition to the correct specification. Finally, by documenting a strong and robust growth effect of human capital in a comprehensive specification of the empirical growth model, our results provide important information for studies that try to delve deeper into identifying a causal role of human capital for growth. (2010) IIASA-VID (Lutz et al., 2007) (1) Results from OLS regressions. Robust standard errors are in brackets. All regressions are in long-difference specifications with one observation per country. ***, **,* indicate significance at 1-, 5-, and 10-percent level, respectively. F-test refers to the test of joint significance of both human capital variables. Table 3 : Baseline Growth Regressions -Specification in Levels as in Cohen and Soto (2007) Dependent Variable: Annualized Difference in log GDP per Capita (1970 Capita ( -1990 Data Sample Cohen and Soto (2007) Barro and Lee (2010) IIASA-VID (Lutz et al., 2007) (1)
(8) Results from OLS regressions. Robust standard errors are in brackets. All regressions are in long-difference specifications with one observation per country. ***, **,* indicate significance at 1-, 5-, and 10-percent level, respectively. F-test refers to the test of joint significance of both human capital variables. Results from OLS regressions. Robust standard errors are in brackets. All regressions are in long-difference specifications with one observation per country. ***, **,* indicate significance at 1-, 5-, and 10-percent level, respectively. F-test refers to the test of joint significance of both human capital variables. Results from OLS regressions. Robust standard errors are in brackets. All regressions are in long-difference specifications with one observation per country. Panel B is reduced by one observation (Taiwan) due to lack of population data. ***, **,* indicate significance at 1-, 5-, and 10-percent level, respectively. F-test refers to the test of joint significance of both human capital variables. Benhabib and Spiegel (1994) specification is reduced by one observation (Taiwan) due to lack of population data. ***, **,* indicate significance at 1-, 5-, and 10-percent level, respectively. F-test refers to the test of joint significance of both human capital variables. The main data is obtained from Greg Mankiw's homepage (http://www.economics.harvard.edu/faculty/mankiw/files/contr1.pdf), the human capital variables are constructed from Barro and Lee (2010) . ***, **,* indicate significance at 1-, 5-, and 10-percent level, respectively. F-test refers to the test of joint significance of both human capital variables. Sets (1970 Sets ( -2000 
